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Abstract

Rail internal defect detection is a very important safety guarantee to ensure the safety of train op-
eration. In order to increase the recognition accuracy of rail internal defects and reduce the interfe-
rence of human uncertainties, a YOLOv5 target recognition method is proposed to assist the recogni-
tion, and YOLOvV5 algorithm is improved to improve data enhancement, improve data robustness,
add NAM attention module to capture local information, introduce GhostNet, and lightweight the
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model. The APso value of the improved YOLOv5_GNM algorithm reaches 87.7%, the number of pa-
rameters decreases by 37%, and the number of frames reaches 66, which improves the accuracy
of defect recognition.
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Figure 1. YOLOVSs structure
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Table 2. Model performance comparison table
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